Adaptation drives genomic changes; however, evidence of specific adaptations in humans remains limited. We found that inhabitants of the northern Argentinean Andes, an arid region where elevated arsenic concentrations in available drinking water is common, have unique arsenic metabolism, with efficient methylation and excretion of the major metabolite dimethylated arsenic and a less excretion of the highly toxic monomethylated metabolite. We genotyped women from this population for 4,301,332 single nucleotide polymorphisms (SNPs) and found a strong association between the AS3MT (arsenic [+3 oxidation state] methyltransferase) gene and mono-and dimethylated arsenic in urine, suggesting that AS3MT functions as the major gene for arsenic metabolism in humans. We found strong genetic differentiation around AS3MT in the Argentinean Andes population, compared with a highly related Peruvian population (F ST = 0.014) from a region with much less environmental arsenic. Also, 13 of the 100 SNPs with the highest genome-wide Locus-Specific Branch Length occurred near AS3MT. In addition, our examination of extended haplotype homozygosity indicated a selective sweep of the Argentinean Andes population, in contrast to Peruvian and Colombian populations. Our data show that adaptation to tolerate the environmental stressor arsenic has likely driven an increase in the frequencies of protective variants of AS3MT, providing the first evidence of human adaptation to a toxic chemical.
Introduction
Many organisms have adapted to tolerate toxic chemicals in their environments (Melnick and Parkin 2007; Hanikenne et al. 2008; Song et al. 2010) ; however, we know little about human adaptation to toxic chemicals. Exposure to inorganic arsenic is associated with multiple severe health effects, including increased morbidity and mortality in early life Gardner et al. 2013) , cancer, cardiovascular and liver toxicity, and probably diabetes (IARC 2012; Maull et al. 2012; Moon et al. 2012) . In a few regions in the world, such as the Andean highlands, human populations have lived for thousands of years with drinking water contaminated with arsenic ( fig. 1 ). This raises the question as to whether such populations may have adapted over time to their toxic environment.
The efficiency of arsenic metabolism strongly affects susceptibility to arsenic toxicity. In the body, cellular enzymes methylate inorganic arsenic to monomethylarsonic acid (MMA) and then dimethylarsinic acid (DMA). The fraction of arsenic present as MMA shows a positive association with arsenic toxicity, indicating that MMA is more toxic than DMA (Ahsan et al. 2007; Lindberg et al. 2008; Pierce et al. 2013) . By contrast, DMA is more readily excreted in urine and expelled from the body (Gardner et al. 2010) . The fractions of arsenic metabolites in human urine vary in different populations (fraction of MMA: 2-30%) (Vahter 2002) . Indigenous populations in the Andes, including in the Argentinean village of San Antonio de los Cobres (SAC; fig. 1 ), show uniquely low urinary excretion of MMA (Vahter et al. 1995) .
The enzyme arsenic (+3 oxidation state) methyltransferase (AS3MT) plays a key role in arsenic methylation (Engstrom et al. 2011) . Polymorphisms in AS3MT are associated with the arsenic methylation as shown in several populations, e.g., in Bangladesh, Argentina, Mexico, and Taiwan (Chung et al. 2009; Fujihara et al. 2009; Gomez-Rubio et al. 2010; Engstrom et al. 2011; Pierce et al. 2012) . In particular, the AS3MT alleles associated with efficient arsenic methylation vary markedly in frequency (Fujihara et al. 2009; Schlebusch et al. 2013) . Individuals from SAC and surrounding villages have higher frequencies of inferred protective AS3MT haplotypes than other Native American and Asian populations (Schlebusch et al. 2013 ). This observation led to the hypothesis that natural selection has favored AS3MT haplotypes that associate with more efficient arsenic metabolism in populations that have lived with arsenic exposure for many generations. In this study, we performed a genome-wide association study (GWAS) using dense, genome-wide markers, and well-characterized arsenic metabolism phenotypes to demonstrate that AS3MT is likely to be the leading gene for arsenic methylation in humans. In strong support of our hypothesis we found that in the people from SAC, the genomic region around AS3MT shows dramatic signs of selection, indicating adaptation to arsenic-rich environments.
Results
We used the Illumina 5M Omni chip to genotype 124 arsenicexposed women from SAC who had a wide range of percentages of the monomethylated arsenic metabolite MMA (%MMA) in their urine (table 1) . Their distribution of MMA was representative of the distribution observed in a larger sample of the population of SAC (supplementary fig. S1 , Supplementary Material online). We performed GWAS on 1,258,737 filtered single nucleotide polymorphisms (SNPs) for all arsenic metabolism phenotypes (%MMA, %DMA, and %inorganic arsenic, all adjusted for total arsenic in urine). In a GWA scan unadjusted for further covariates and population structure, we found clear associations for chromosome 10 (MMA P-value = 4.658e-08, FDR corrected q = 0.00072; DMA P = 1.002e-07, FDR q = 0.0035) and chromosome 21 (MMA P = 1.238e-05, FDR q = 0.019; DMA P = 1. elements are found (supplementary fig. S6 , Supplementary Material online), and fewer SNPs for the peak on chromosome 21. We also found some significant but less pronounced peaks: for %MMA on chromosomes 3, 6, and 13, and for %DMA on chromosomes 12 and 13 (supplementary table  S1 and fig. S4 and S5, Supplementary Material online). We found no peaks for %inorganic arsenic that reached FDR-corrected significance (supplementary fig. S7 , Supplementary Material online). The quantile-quantile plots for all GWA analyses are given in supplementary figure S8 (Supplementary Material online).
To account for population structure and relatedness, we adjusted the data for possible stratification as well as for possible influential covariates. The results showed that clear, significant (FDR-corrected) peaks remained visible on the following chromosomes: %MMA: 2, 10, 21; and %DMA: 2, 10, 12, 13, 21 ( fig. 2 , including zoomed views of the peak on chromosome 10). Moreover, examination of population structure using principal component analysis (Patterson et al. 2006) and population structure analysis (Alexander et al. 2009 ) did not reveal any significant population structure within the SAC group (supplementary fig. S9 , Supplementary Material online). This analysis also showed limited admixture from Iberians (Iberian cluster membership in SAC population at K = 4, mean = 2.6%, STD = 5.2%, supplementary fig. S9 , Supplementary Material online).
We furthermore scanned for loci that significantly influence variance ) of %MMA and %DMA and thus might be involved in controlling the expression of main effect genes. SNPs associated with variance in %MMA, and more weakly in %DMA, were found on chromosome 1 (supplementary fig. S10, Supplementary Material online); the associated SNPs are not located in a known gene but intersect with an active regulatory region (supplementary fig. S11 , Supplementary Material online). Although no SNPs were significantly associated with variance of %DMA, we found a clear peak in chromosome 15 within the ryanodine receptor 3 (RYR3) gene (supplementary fig. S10 , Supplementary Material online).
Evidence for Selection
To detect regions of the genome that may have been targets of selection, we used a statistic that captures greater than typical levels of differentiation in one population compared with two other populations (the locus-specific branch length [LSBL] statistic [Shriver et al. 2004] ). The LSBL values in SAC, using Peruvian and Colombian individuals (PEL and CLM in figures) from the 1000 Genomes Project data as comparative populations, revealed a strong peak on chromosome 10 in the region of AS3MT (fig. 3A ). This peak was absent from the LSBL scan focusing on the Peruvian population (compared with Colombian and SAC populations, supplementary fig. S12 , Supplementary Material online), despite the strong genetic similarities between the Peruvian and SAC populations (genome-wide average F ST = 0.014, supplementary fig. S9 , Supplementary Material online). The SNP in the peak with the greatest LSBL value for SAC had a genome-wide percentile value of 99.9976% (only 34 SNPs out of the 1,456,054 SNPs that were polymorphic in all three populations have a greater LSBL value). Among the 100 SNPs with greatest genome-wide LSBL values, 13 occurred within the particular peak near AS3MT.
Additional evidence for positive selection for arsenic tolerance in the SAC population was revealed by the haplotype homozygosity statistic iHS (Voight et al. 2006) . We found elevated iHS values in the AS3MT region for the SAC population (using either 3,705,093 SNPs or the reduced set combined with the 1000 Genomes set of 2,023,892 SNPs), whereas there was no signal for the Peruvian population ( fig. 3B ). The individual SNP iHS values were not extraordinarily large around AS3MT for the SAC population; however, all SNPs in this region were generally elevated, compared with the background level of iHS, as revealed by a moving average over windows of 1 Mb ( fig. 3C ). The greatest 1 Mb-window j iHS j value in the region of AS3MT was in the top 97-percentile (genome-wide) for the SAC population, in contrast to the top 89-percentile for the Peruvian populations ( fig. 3D ). The Peruvian population did not show an elevated signal around the AS3MT gene. Besides the AS3MT region on chromosome 10, all other regions which showed significant association to %MMA and %DMA during GWA scans (such as the chromosome 21 region), did not show significant evidence of selection in the SAC population. Genes previously linked to arsenic metabolism, e.g., GSTO1/2 and MTHFR (Broberg et al 2015) , did not show any significant GWAS associations and therefore were not further evaluated in selection scans.
The exact time of onset of arsenic-related selective pressure in the SAC population is unknown, but it probably lies between the putative date of settlement of the population in the region, estimated at 11,000 years ago (N uñez et al. 1991) , and 7,000 years ago, the estimated age of a regionally excavated mummy that displayed high concentrations of arsenic in hair, suggesting strong exposure to arsenic (Arriaza et al. 2010) . Neglecting effects of recent genetic drift since divergence between the SAC and the Peruvian populations, we estimate the selection coefficient due to arsenic exposure to range between 0.003 and 0.005 in the SAC population (supplementary fig. S13 , Supplementary Material online).
Global Distribution of Haplotypes Associated with Arsenic Metabolism Phenotypes
We wanted to compare the frequencies of putative protective variants between the SAC population and comparable population groups. However, since many SNPs on chromosome 10q24 are strongly associated with arsenic metabolism and contribute to the phenotypes in a similar, additive manner (supplementary fig. S14 , Supplementary Material online), it is possible that these SNPs are linked in one high-frequency protective haplotype. Rather than comparing frequencies of single, highly significant SNPs, we inferred a putative protective haplotype by combining strongly associated SNPs in the chr 10 peak, and compared the frequencies of this haplotype in different populations. To identify the protective haplotype, we extracted all SNPs with highly significant FDR-corrected q-values (q < 0.01) for the %MMA GWA scan, identified the specific alleles associated with low %MMA and linked these SNP alleles into a putative "MMA-based protective haplotype." We found that this putative protective haplotype exactly matched 58.4% of the phased haplotypes in the SAC population. In the comparative data, we observed the greatest frequencies of exact matches in Peruvians (29.1% of all phased haplotypes) and East Asian populations (26.8% of phased haplotypes in the Vietnamese [Kinh in Ho Chi Minh City] population). For haplotypes that did not exactly match the protective haplotype, we counted the number of mutational differences to the putative protective haplotype and visualized the differences as violin plots for the different populations ( fig. 4 ). Violin plots resemble box plots but show the probability density of the data at different values on the y-axis. Thus, for our data, a complete match to the inferred protective haplotype would be 0 on the y-axis; increasing distance from 0 on the y-axis indicates an increasing number of differences from the inferred protective haplotype. The width of the violin plot indicates the number of individual haplotypes at each y-axis value and the x-axis represents the SAC population and the different comparison populations from the 1000 Genomes Project. The SAC populations had the greatest number of exact matches (y-axis = 0 in fig. 4 ) to the inferred protective haplotype, as well as high frequencies of haplotypes that closely matched the inferred protective haplotype. Exact (or close) matches to the putative protective haplotype are spread globally, but tend to be more frequent in East Asians and Native Americans. Furthermore, to see the correlation between the number of mutational differences from the protective haplotype and the phenotype, we plotted the %MMA versus differences from the protective haplotype (supplementary fig. S15, Supplementary Material online). Differences to the protective haplotype were significantly correlated with %MMA. To visualize haplotypes of individuals in different populations and the distribution of mutational differences to the inferred protective haplotype, we plotted phased haplotypes of individuals against the putative protective haplotype (as reference sequence) in the form of haplotype plots (supplementary fig. S16 , Supplementary Material online). The high frequency of the protective haplotype in the SAC population was clearly visible and differences to the protective haplotype in the SAC were distributed toward the ends of the haplotype block. Repeating haplotype analyses with %DMA as the phenotype yielded a similar haplotype as that found with %MMA.
Discussion
In this study, we found very strong and unique GWAS signals for arsenic metabolism phenotypes in the region on chromosome 10q24.32 harboring the AS3MT gene; this establishes the association of the arsenic metabolism phenotype with this genomic region and provides strong evidence that AS3MT is likely to be the major contributor to arsenic metabolism in humans. In order to investigate this possibility further, we used multiple different and established tools to look for possible selection for efficient arsenic metabolism. We identified a signal for selection based on extended haplotype homozygosity for AS3MT in the Argentinean, but not in the Peruvian or Colombian populations, the latter presumably having lower historic arsenic exposure (Bundschuh et al. 2012) . Moreover, we found increased genetic differentiation around the AS3MT locus in comparisons between SAC and other South American groups, in contrast to the overall genome-wide level of population differentiation. This additional level of genetic differentiation around AS3MT suggests that the AS3MT locus has been the target of selection for adaptation to an arsenic-rich environment in a population presumably exposed to arsenic for thousands of years. We estimated the selection coefficient to range between 0.003 and 0.005, which is smaller than the estimated selection coefficients associated with lactase persistence (Tishkoff et al. 2007 ) and resistance to malaria (Chen and Slatkin 2013) , two previously well-established examples of strong positive selection leading to adaptation in humans. Further, we extracted haplotypes containing SNPs significantly associated with the arsenic metabolism phenotypes and saw that these SNPs occur on the same haplotype background (or a very similar background) that is present worldwide, but much more enriched in SAC. The widespread occurrence of the putative protective haplotype could thus be an indication that selection acted on standing variation that was already present in the population that settled in regions with high arsenic in the drinking water. Because the extracted haplotypes were very similar for MMA and DMA, it is likely that recent selection has occurred in the SAC population, increasing the frequency of one protective haplotype in the AS3MT region.
We focused on AS3MT as different studies have shown it to be important for arsenic methylation: in experimental studies in rat (Lin et al. 2002) , human kidney, and liver cells (Drobna et al. 2005 (Drobna et al. , 2006 A m e r ic a n s o f A f r ic a n A n c e s t r y ( A S W ) N o r t h w e s t e r n E u r o p e a n a n c e s t r y makes AS3MT a very likely candidate gene for the fraction of monomethylated arsenic in urine. The top SNP signals were, however, upstream of AS3MT, which points to a potential regulatory function for these SNPs, a notion that is in line with the histone modification pattern found in the top SNP region. Selection signals outside of genes have previously been found, e.g., for lactose tolerance (Tishkoff et al. 2007 ). The protective haplotype stretches over~500 kb and could contain one or more protective variants. Identifying which variants drive selection will require functional studies on all variant loci. Strikingly, all mutated alleles show variance in noncoding sequences only. It therefore seems unlikely that differences in the catalytic properties of the encoded proteins can explain the observed phenotypes. However, there is evidence that SNPs in the protective haplotype with AS3MT and surrounding genes are functional: we and others previously analyzed the expression of genes in this chromosomal region in whole blood (as a proxy for the liver, which metabolizes arsenic) and found that expression of AS3MT, and surrounding genes, was significantly altered in association with an increased number of AS3MT protective alleles (Engstrom et al. 2011; Pierce et al. 2012; Engstrom et al. 2013) . The finding that the strongest association signals for arsenic phenotypes %MMA and %DMA occur in and around AS3MT agrees with the genomic region reported by Pierce et al. (2012) . We also found some other, not previously identified, chromosomal regions associated with arsenic phenotypes. So far, no relationships between genes in these regions and arsenic metabolism have been reported, but one should bear in mind that they might actually represent markers of arsenic toxicity linked to arsenic metabolism, because we used arsenic-metabolizing phenotypes as proxies for arsenic susceptibility. In particular, on chromosome 21q22.3, we observed associations for both %MMA and %DMA. The strongest associations were found for LSS, lanosterol synthase (2,3-oxidosqualene-lanosterol cyclase); MCM3AP, minichromosome maintenance complex component 3 associated protein; MCM3AP-AS1, MCM3AP antisense RNA 1; and YBEY, a putative metallopeptidase. LSS catalyzes the formation of lanosterol, the first sterol precursor of cholesterol in humans (Thoma et al. 2004 ). MCM3AP has been functionally characterized as an acetyltransferase for acetylation of replication protein MCM3 (Takei et al. 2001 ), but for the other genes little functional information is available at the moment. There were a few other chromosomal peaks that associated with arsenic phenotypes. For %MMA there was a peak near the CADM2 gene on chromosome 3. For %DMA there was a peak on chromosome 12 encompassing a cluster of genes from the olfactory receptor family 6, subfamily C. The olfactory receptor genes encompass a large multigene family encoding transmembrane signaling proteins required for odorant discrimination. None of these chromosomal peaks overlapped with the chromosomal regions recently reported from a low-density microsatellite marker (n = 400) analysis that mapped loci affecting arsenic metabolites in urine (Tellez-Plaza et al. 2013) .
The GWAS for explaining variance in the arsenic phenotypes identified novel regions of potential importance for regulation of arsenic metabolism but, as mentioned earlier, possibly also for arsenic toxicity. For DMA, we found a nonsignificant but clear signal within the RYR3 gene. Ryanodine receptors, such as RYR3, are intracellular calcium ion release channels responsible for the release of Ca 2+ from intracellular stores following transduction of many different extracellular stimuli. RYR3 is important in muscle contraction, including during the neonatal period (Bertocchini et al. 1997; Perez et al. 2005) . There is no known function of Ca 2+ in arsenic metabolism; however, inorganic arsenic was shown in vitro to induce Ca 2+ signals and cytotoxicity meditated by ryanodine receptors (Florea et al. 2007 ).
The selection for efficient arsenic metabolism could act through different mechanisms and during different periods in life. Studies of animals and children showed that arsenic affects the immune system (Fry et al. 2007; Kozul et al. 2009; Ahmed et al. 2011 ) and increases infant morbidity and mortality Gardner et al. 2013) . Arsenic crosses the placenta and arsenic exposure during pregnancy enhances placental inflammatory responses, reduces placental T cells, alters cord blood cytokines, and impairs thymic function in the newborn (Fry et al. 2007; Ahmed et al. 2012) . In Bangladesh and in the United States, the risk of upper and lower respiratory tract infections and diarrhea in infants increased with higher maternal arsenic during pregnancy (Rahman et al. 2011; Farzan et al. 2013) . Selection for a protective AS3MT haplotype could also be caused by adverse effects of arsenic later in life, such as hepatoxicity, cardiovascular disease, and impaired lung function (Smith et al. 2006; Moon et al. 2012; Parvez et al. 2013) , which may result in reduced reproduction. Given the severe deleterious health effects of arsenic in both children and adults, individuals who carry the arsenic-tolerance haplotype and thus can metabolize arsenic faster with reduced exposure to toxic metabolites could have a very strong selective advantage in high-arsenic environments. Thus, these adverse effects of arsenic before and during reproductive age may provide the mechanism for adaptation to arsenicrich environments.
The historical arsenic concentrations in the drinking water of the Peruvian and the Columbian populations are not known, but the present-day levels are generally much lower than levels in the northern part of Argentina, apart from some areas where mining activities have resulted in elevated levels during the last century (Bundschuh et al. 2008 (Bundschuh et al. , 2012 Cooke and Abbott 2008) . Elevated concentrations of arsenic in drinking water seem to be quite common in some areas of the Andes Mountains (Smith et al. 2006; Van Den Bergh et al. 2010 ) and several reports show that other Native American populations living in Chile and Mexico in areas with historical arsenic exposure have efficient arsenic methylation (Hopenhayn-Rich et al. 1996; Meza et al. 2005; GomezRubio et al. 2010 GomezRubio et al. , 2012 .
There are a few well-known cases of selection in humans, such as lactase persistence, which occurred independently in the same gene (lactase, LCT) in Africa and Europe (Tishkoff et al. 2007 ); copy number variation in the amylase gene (AMY1), which improved the capacity to digest starch-rich diets (Perry et al. 2007 ); resistance to malaria (Kwiatkowski 2005) and cholera (Karlsson et al. 2013 ); adaptation to living at high altitudes (Simonson et al. 2010) ; the production of long-chain fatty acids (Ameur et al. 2012) ; and light skin pigmentation (Basu Mallick et al. 2013 ). However, data on human adaptation to toxic compounds remain scarce. The xenobiotic metabolizing N-aryl acetyltransferase family has, based on the molecular evolutionary history, been suggested to be subject to adaptive selection in vertebrates (Sabbagh et al. 2013 ), but the genetic data did not correlate to a phenotype. In this context, adaptation to an arsenic-rich habitat through the AS3MT gene is the first case of human selection for tolerance to a toxic chemical. The potential use of the results of this study in relation to public health will be explored in further studies.
Materials and Methods

Argentinean Study Population
The study site encompassed SAC (3,800 m above sea level) in the Puna area of the Andes Mountains ( fig. 1 ). In this region, arsenic in the volcanic bedrock is released into the groundwater used as drinking water and there are no anthropogenic arsenic sources that affect the water. This arsenic comes from natural reservoirs and modern and pre-Columbian mining activities (N uñez et al. 1991; Idrovo 2005; Bundschuh et al. 2012) . The drinking water in SAC contained~200 mg arsenic/l with small variations over time up until 2012 when a filter system was installed to remove the arsenic (Concha et al. 2006, and unpublished data) . The people in SAC are of Atacameño descent and the Atacameños, who once occupied the north of Chile and of Argentina, have lived in the region for 11,000 years (N uñez et al. 1991) . There are traces of human settlements in this region of northern Argentina from 1500 BC (Normando Cruz 2011).
Individuals from SAC were interviewed and sampled in 2004, 2005, and 2008 . The samples of blood and urine were collected with informed consent (oral and written) and the protocol was approved by the Health Ministry of Salta, Argentina, and the Ethics Committee of the Karolinska Institutet, Sweden. The study subjects were, based on interviews, mainly of indigenous (Atacameño) origin with little ancestry from Hispanics. The families of the participants had lived in the area for at least 2-3 generations.
Water and urine samples were obtained for determination of exposure to inorganic arsenic and the individual arsenic metabolite pattern. Speciation of arsenic metabolites in urine was performed using HPLC hyphenated with hydride generation and inductively coupled plasma mass spectrometry (Agilent 1100 series system; Agilent 7500ce; Agilent Technologies, Japan and Germany), employing adequate and high-quality control (Schlawicke Engstrom et al. 2007 ). For estimation of exposure to inorganic arsenic, we used the sum of inorganic arsenic, MMA, and DMA concentrations in urine. Urinary arsenic concentrations were adjusted to the mean specific gravity to adjust for variation in urine dilution. The relative amounts (%) of arsenic metabolites in urine were use as measure of methylation efficiency (Vahter 2002 ).
In total, 385 women had both DNA and urinary arsenic metabolite data. Of those, we selected non-first-degreerelated women with a wide range of %MMA in urine (N = 124). The individuals selected did not differ in %inorganic arsenic, %MMA, %DMA from the whole study population (supplementary fig. S1 , Supplementary Material online). Exclusion criteria were pregnancy, diseases potentially affecting arsenic metabolism, and very high values of urinary arsenic (4600 mg/l; which may inhibit the methylation of arsenic) (table 1) .
Whole blood or buccal swabs were collected for DNA extraction (Schlawicke Engstrom et al. 2007; Engstrom et al. 2011) . DNA was extracted with the Qiagen Blood Mini kit (Qiagen, Hilden, Germany). Eighteen samples were wholegenome amplified with the REPLI-g Mini kit (Qiagen). The genome-wide genotyping was performed on 400 ng DNA per sample, as determined by Pico green, on the Illumina HumanOmni 5M BeadChip according to the manufacturer's protocol (Illumina, San Diego, CA). Genotyping was performed by the SNP&SEQ Technology Platform in Uppsala, Sweden (www.genotyping.se). Genotype data are available from the EGA data repository (https://www.ebi.ac.uk/ega/ home) under the project name "IMM project arsenic adaptation" for researchers who meet the criteria for access to confidential data.
Peruvian and Colombian Study Populations
The selection of samples and the genetic analysis for the 1000 Genomes Project is described in Abecasis et al. (2012) . The population used in this study consists of Peruvians (n = 86) from Lima, Peru (called PEL) and Colombians (n = 95) in Medellin, Colombia (called CLM) ( fig. 1 ) (http://www. 1000genomes.org/about#ProjectDesign). All samples were collected from individuals providing a broad informed consent, and there are no individual identifiers linked to genetic data or phenotypes.
Association Studies
Genome-wide analysis was done in GenAbel v. 1.7-6 (Aulchenko et al. 2007 ). Data were filtered in GenAbel by removing individuals with a call rate below 85%, individuals with too high autosomal heterozygosity (FDR < 1%) and individuals with a pairwise identity by state (IBS) value above 0.9 (excluding highly similar individuals-i.e., duplicate individuals). One individual (one with the lowest call rate) in the pairs of individuals that fail the IBS threshold was removed, leaving 108 individuals. Markers were filtered for a call rate below 90% (217,030 SNPs), a minimum allele frequency below 5% (2,810,794 SNPs), and loci that fail Hardy-Weinberg Equilibrium (HWE) test (P-value < 1 Â 10 -8 ) (1,607 SNPs). Furthermore, prior to filtering, duplicate SNPs (55,085 SNPs), SNPs with chromosome position 0 (8,970 SNPs), and indel loci (4,472 SNPs) were removed, leaving 1,258,737 SNPs for association analysis.
The phenotype distributions were close to normally distributed. We performed the GWAS on 1,258,737 filtered SNPs for all arsenic metabolism phenotypes (%MMA, %DMA, and %inorganic arsenic) using the qtscore function in GenAbel. All statistical analyses were adjusted for total arsenic in urine to account for the fact that higher arsenic exposure has been associated with higher %MMA and lower %DMA (Vahter 2002) . FDR corrected q-values were calculated using the Benjamini-Hochberg procedure as implemented in GenAbel using the "qvaluebh95" function. Population structure and relatedness in the data were handled by adjustment for principal components of the genomic kinship matrix using the egscore function in GenAbel. Further adjustments were performed for covariates that significantly influence arsenic phenotypes as tested by Pearson's correlation coefficient (%MMA: age, BMI, and year; %DMA: age and BMI; %inorganic arsenic: age and height). We furthermore scanned for loci that significantly influence variance, and thus might be involved in controlling expression of main effect genes, for the arsenic phenotypes %MMA and %DMA, using the zscore method introduced by Yang et al. (2010) .
Selection Scan 1) Datasets. We performed a genome-wide iHS scan on the SAC data for two different sets of SNPs: a large set, containing 3,705,093 SNPs (large), and a second set obtained after merging with 1000 Genomes Project data from a SNP array (combined) containing 2,023,892 SNPs. Filters for missingness on genotypes and HWE filters were all performed using PLINK (Purcell et al. 2007) . Dataset large: a 15% genotype missingness threshold was applied to individuals and a 10% genotype missingness threshold was applied to the SNPs. In addition, a HWE rejection confidence level was set to 0.001. We defined the relatedness cutoffs for including / excluding individuals as follows: closest relatives were identified using pairwise IBS and using a threshold of 0.25; we removed the minimum number of individuals guaranteeing that all pairs of remaining individuals have an IBS value lower than 0.25. Because some of the samples were whole-genome amplified whereas others were not, we removed the SNPs with especially different allele frequencies between the two types of samples (see supplementary fig. S17 , Supplementary Material online). A/T and C/G SNPs were removed to prevent strand issues in the identification of the ancestral allele (see later) and only SNPs with ancestral information were retained. After filtering, the large dataset contained 95 individuals, and 3,705,093 SNPs.
Dataset combined: we downloaded SNP data from the 1000 Genomes Project, at ftp.1000genomes.ebi.ac.uk/ vol1/ftp/technical/working/20120131_omni_genotypes_ and_intensities. There were originally 2,141 individuals in the data, from 21 populations worldwide. After filtering for genotype missingness (15%) and relatives using an IBS threshold (IBS2 + 0.5 * IBS1 4 population median value + 0.01, with IBS2 being the proportion of SNPs where both alleles are identical by state between the two individuals, and IBS1 being the proportion of SNPs where only one allele is identical), 1,664 individuals remained. SNPs with genotype missingness exceeding 10% were removed and we filtered the SNPs based on a HWE test within the Peruvian samples, with a threshold of 0.001. Consequently, only the SNPs intersecting the large dataset were retained, to allow merging between the SAC samples and the 1000 Genomes Project data. The combined dataset included a total of 2,023,892 SNPs. 2) Ancestral State. We computed the ancestral allele using the Chimpanzee reference genome (panTro3 from UCSC Genome Browser), the Gorilla reference genome (gorGor3 from UCSC Genome Browser), the Bonobo genome ) and the Denisova genome (Meyer et al. 2012) . For each SNP in the large dataset, the ancestral allele was identified as the most often observed allele in the outgroup genomes. When both alleles were seen in the same number of outgroups, the ancestral state was declared as unknown and the SNP rejected from the large dataset. The vast majority of SNPs had the same allele in all four outgroups. 3) Genetic Map. A genetic map was found from the HapMap project at: http://hapmap.ncbi.nlm.nih.gov/ downloads/recombination/2011-01_phaseII_B37/. To lower the stochastic effect of a finite sample on the genetic map, and still retaining local variation of the recombination rate, we smoothed the values of the original genetic map by computing local recombination rates using linear regression on sliding 1 Mb windows around each position in the map. Based on this smoothed genetic map, we computed the genetic position of each SNP in the large dataset, using piecewise linear functions. 4) Phasing. Phasing was done separately on each dataset (large and combined) using the software Hapi-Ur v1.01 (Williams et al. 2012) . As recommended by the developers, we launched three independent phasing runs for each dataset and computed the consensus phase from the three runs using vote-phase (program released together with Hapi-Ur). The window size used was 190 markers in the two types of datasets. 5) iHS Computations. All iHS computations were conducted using the R package rehh (Gautier and Vitalis 2012) . The values for limehh and limehhs in the function scan_hh were both set to 0.02. 6) LSBL Scans. To scan for regions of increased genetic differentiation in the SAC sample, we used the LSBL (Shriver et al. 2004 ) on the combined dataset. The three groups considered were SAC, Peruvians (PEL), and Colombians (CLM). LSBL is a statistic based on pairwise F ST values between samples and measures the population specific genetic differentiation at each position. Here, we estimated F ST values using Hudson's estimator, as defined in (Bhatia et al. 2013 ).
Selection Coefficient
We used equation (2) from Ohta and Kimura (1975) , which links the selection coefficient to current allele frequency, allele frequency at onset of selection and number of generations since onset of selection. We used the top SNP associated with %MMA (rs486955) in the region of AS3MT and assumed a generation time of 25 years. Because onset of selection is likely to have occurred between 11,000 and 7,000 years ago, we looked at the range of selection coefficients obtained between those two curves (supplementary fig. S13 , Supplementary Material online). We assumed the effect of drift, since divergence to the Peruvian population, to have had little impact on the frequency of the beneficial allele in Peruvians (which is thus assumed to have evolved neutrally at that position in the genome), and took current PEL frequency as a proxy for the allele frequency at onset of selection.
Haplotype Correlations
To determine whether a specific haplotype was the target of selection (suggested by iHS scans as well as similar additive patterns in boxplots of phenotypes versus significantly associated SNPs), we extracted all SNPs with significant FDRcorrected q-values for MMA-based GWA scans. From these SNPs, we constructed a putative "MMA-based protective haplotype" by linking together the specific SNP alleles, significantly associated (FDR q < 0.01) with low %MMA during the GWA scan. The MMA protective haplotype stretched over 554 kb (97 SNPs). We used the phased dataset merged with comparative data to extract all phased haplotypes spanning these regions for all SAC and comparative populations. Since the comparative data were typed on a 2.5 Mchip, the haplotype for this region in the comparative dataset was reduced to 50 SNPs. Exact matches to the putative protective haplotype were counted in the SAC and all comparative populations. For haplotypes that did not match the protective haplotype, differences to the protective haplotype were counted. The differences of individual haplotypes to the "protective haplotype" were visualized as violin plots for the SAC and all comparative populations. An exact match to the putative "protective haplotype" is seen at 0 on the y-axis. These differences of individual haplotypes to the protective haplotype were also plotted against MMA urinary fractions for the SAC population and a straight line was fitted to the scatterplot. The correlation coefficients (Kendall's Tau) between differences of individual haplotypes to protective haplotype versus phenotypes in SAC, were also calculated and are shown as insets on the scatterplots. Furthermore, to visualize individual haplotypes and their differences to the protective haplotype the haplotypes were visualized for SAC and three comparative populations (Peruvian PEL, Iberian IBS, and African American ASW) using the putative protective haplotype as reference. The phased haplotypes of individuals were sorted within each population according to their differences to the putative protective reference haplotype, which was printed on top of the haplotype plot.
Supplementary Material
Supplementary tables S1-S3 and figures S1-S17 are available at Molecular Biology and Evolution online (http://www.mbe. oxfordjournals.org/).
